We recently completed a phase I/IIa trial of RNActive Ò CV9201, a novel mRNA-based therapeutic vaccine targeting five tumor-associated antigens in non-small cell lung cancer (NSCLC) patients. The aim of the study presented here was to comprehensively analyze changes in peripheral blood during the vaccination period and to generate hypotheses facilitating the identification of potential biomarkers correlating with differential clinical outcomes post RNActive Ò immunotherapy. We performed whole-genome expression profiling in a subgroup of 22 stage IV NSCLC patients before and after initiation of treatment with CV9201. Utilizing an analytic approach based on blood transcriptional modules (BTMs), a previously described, sensitive tool for blood transcriptome data analysis, patients segregated into two major clusters based on transcriptional changes post RNActive Ò treatment. The first group of patients was characterized by the upregulation of an expression signature associated with myeloid cells and inflammation, whereas the other group exhibited an expression signature associated with T and NK cells. Patients with an enrichment of T and NK cell modules after treatment compared to baseline exhibited significantly longer progressionfree and overall survival compared to patients with an upregulation of myeloid cell and inflammatory modules. Notably, these gene expression signatures were mutually exclusive and inversely correlated. Furthermore, our findings correlated with phenotypic data derived by flow cytometry as well as the neutrophil-to-lymphocyte ratio. Our study thus demonstrates non-overlapping, distinct transcriptional profiles correlating with survival warranting further validation for the development of biomarker candidates for mRNA-based immunotherapy.
Introduction
Lung cancer is the leading cause of cancer-related deaths world wide and 85-90% of those malignancies are classified as nonsmall cell lung cancer (NSCLC). 1 For decades, clinical outcomes of patients with advanced NSCLC were poor with 5-y survival rates of less than 5%. 2, 3 However, immunotherapeutic approaches, in particular checkpoint inhibitors, have recently dramatically impacted the field of cancer therapy. 4 The aim of immunotherapy is to induce and activate host immune responses against the tumor.
5 Antibodies blocking the interaction of inhibitory T cell receptors CTLA-4 or PD-1 with their ligands were demonstrated to improve survival rates in patients with metastasized melanoma and NSCLC. 6 In addition, encouraging long-lasting responses have been observed in a variety of solid tumors and hematologic malignancies after treatment with antibodies blocking PD-1 or PD-L1. 7 Whereas these clinical results are highly encouraging, a substantial portion of patients fail to benefit from checkpoint inhibition treatment. Furthermore, immune-mediated adverse effects occur even in patients who do not respond to treatment. 8 Combined blockade of PD-1 and CTLA-4 has resulted in improved response rate and progression-free survival in melanoma patients compared to CTLA-4 blockade alone and in patients with PD-L1 negative tumors also compared to PD-1 blockade. However, severe immune-mediated side effects were more frequent with the combined treatment. 9 A likely cause for immune-mediated adverse effects is non-specific T cell activation and inhibition of regulatory CD4 C T cells. 10 Also, checkpoint inhibition requires that tumor-specific T cells are present prior to the treatment in order to result in antitumor activity. 4 Central immunological tolerance mechanisms delete many T cells with high avidities to tumor antigens, resulting in a depleted tumor-specific T cell repertoire too limited to robustly control the tumor. 5 Nonetheless, spontaneous T cell responses against tumor antigens frequently develop in most cancer patients 11 and the depleted T cell repertoire can still be effectively harnessed for clinical benefit. In this context, active therapeutic vaccination, which aims at priming novel tumorspecific immune responses in addition to boosting pre-existing ones, could play a critical role to alleviate this problem. 12 Due to its specific mechanism of action, active immunotherapy could enhance the antitumor effects of checkpoint inhibition without the substantial increase in immune-mediated adverse effects seen with combined checkpoint blockade.
Among vaccination platforms currently under evaluation in clinical trials, mRNA-based vaccines represent highly attractive candidates. [13] [14] [15] RNActive Ò is a novel mRNA-based vaccination technology with self-adjuvanting activity, engineered with chemically unmodified, natural nucleotides. The RNActive Ò cancer immunotherapies employed in our studies consist of two components: free and protamine-complexed, sequenceoptimized, full-length mRNA to support both high antigen expression and immune stimulation, predominantly mediated by toll-like receptor 7 (TLR-7). [16] [17] [18] In pre-clinical experiments, intradermal injection of the two-component mRNA vaccines encoding tumor-associated antigens induced boostable and balanced effector and memory immune responses including antigen-specific CD4
C T helper cells, cytotoxic CD8 C T cells, memory T cells, and antibody-producing B cells. These responses were associated with strong antitumor effects and complete protection against antigen-positive tumor cells. [19] [20] [21] [22] [23] [24] Further pre-clinical studies provided evidence for synergistic effects of the two-component mRNA vaccine combined with radio therapy as well as checkpoint-inhibiting anti-CTLA-4 antibodies. 18, 25 Moreover, we have successfully completed a first-in-man phase I/IIa trial in patients with advanced castration-resistant prostate cancer. This study showed that repeated immunizations with two-component mRNA vaccines, encoding prostate cancer-associated antigens, induced vaccine-specific immune responses and were well tolerated showing a favorable safety profile. 26 We have also successfully completed a phase I/IIa trial, conducted in patients with advanced NSCLC. In this trial, patients were treated with RNActive Ò CV9201 vaccine, which targets five known NSCLC-associated cancer antigens: cancer/ testis antigen 1B (New York esophageal squamous cell carcinoma, NY-ESO1), melanoma antigen family C1 (MAGE-C1), MAGE-C2, baculoviral inhibitor of apoptosis repeat-containing 5 (survivin), and trophoblast glycoprotein (5T4).
These pioneering studies represent some of the first human trials employing mRNA-based vaccine technology to treat highly aggressive cancer, such as NSCLC. To investigate potential mechanisms of action and to identify immune correlates of protection, we sought to comprehensively monitor gene expression changes post vaccination. We therefore performed whole-genome transcriptome analyses of peripheral blood mononuclear cell (PBMC) samples derived before and after initiation of mRNA vaccination in NSCLC patients. Gene expression data can elucidate the underlying biology of vaccine-associated changes in blood, including alterations of cell subset composition and biological processes including signaling pathways, proliferation, apoptosis, cytotoxicity and others. Furthermore, transcriptome analyses are frequently performed in vaccine studies to identify correlates of immune protection, which can be further assessed as potential biomarker candidates. [27] [28] [29] [30] [31] Samples for gene expression profiling described in this manuscript were available from 22 of the 32 stage IV NSCLC patients enrolled in the phase IIa part of the clinical trial. These patients had been treated with CV9201 at a dose of 320 mg of each individual mRNA component encoding one of the five antigens and at a total dose of 1,600 mg per application. Since the primary aim of this first-in man dose escalation clinical trial was to assess safety and immunogenicity of CV9201, no placebo arm was included in the study. The aim of this exploratory gene expression profiling analysis was to generate hypotheses regarding biological changes in peripheral blood after repeated mRNA vaccinations compared to baseline.
Utilizing blood transcriptional modules (BTMs) previously established by Li et al. 32 , we show an enrichment of distinct modules in the post vaccine samples. In comparison with baseline, we found an upregulation of transcriptional modules consistent with myeloid cells and inflammation in one group of patients and an upregulation of T and NK cell modules in another group of patients. Notably, these transcriptional changes were mutually exclusive and associated with different clinical outcomes. The transcriptional signatures identified in our study require further evaluation in controlled studies to explore their potential as biomarker candidates associated with mRNA-based immunotherapy. Moreover, these data will help inform future immunotherapeutic approaches in cancer trials.
Results

Enrichment of transcriptional modules consistent with adaptive immunity post vaccination
Demographic and clinical data of the 22 stage IV NSCLC patients investigated in this gene expression study is provided in Table 1 and Table S1 . Patients received intradermal vaccinations at weeks 1, 2, 3, 5 and 7 with a total dose of 1,600 mg mRNA per vaccination (320 mg per antigen). Blood sampling by venipuncture for PBMC analysis was performed at day 0 (baseline), week 5 (2 weeks post third vaccination) and week 9 (2 weeks post 5th vaccination). Within the first 17 mo after initiation of mRNA treatment, 15 deaths had been reported in our study subgroup (Fig. S1A) . Notably, the next death occurred 15 mo later and six other patients were still alive at their final follow-up visit. Due to this gap of 15 mo, we defined patients with a survival exceeding 30 mo as long-term survivors, whereas the remaining patients were classified as short-term survivors. The median survival of the long-term survivors at their last visit was 35 mo, whereas the median survival of the short-term survivors was 7.4 mo. We first sought to identify gene expression differences between short-term and long-term survivors.
Traditionally, supervised analysis of whole-genome transcriptional data frequently involves the identification of differentially expressed genes, followed by pathway and annotation enrichment analyses. We initially sought to apply this approach to our expression data. However, after correcting for multiple testing, we were unable to identify differentially expressed genes in a number of comparisons (data not shown). A likely explanation could be that the investigated subset of patients was too heterogeneous with regards to histological characteristics of the tumor, the prior anticancer treatment and concomitant diseases of the patients, resulting in a high transcriptional heterogeneity. To accommodate the high degree of heterogeneity in our samples, we sought to apply a modular approach to our expression data analysis by summarizing coordinately expressed genes into modules. Such approaches provide increased sensitivity over identifying differentially expressed genes on a gene by gene approach by statistical and/or fold change methods. 33 We adopted the BTMs developed by Li et al. since these modules were specifically designed to analyze human blood transcriptomes in the context of vaccine-elicited immune responses. 32 To investigate the transcriptional differences between shortterm and long-term survivors, we performed gene set enrichment analyses (GSEA) utilizing BTMs as gene sets. We found that long-term survivors exhibited an enrichment of transcriptional modules associated with effector lymphocytes, in particular T cells (Figs. S1B-D ). This enrichment of T cell modules was observed at both post vaccine time points (week 5 and week 9) and also at baseline (week 0). In addition, NK cell and B cell modules were enriched in long-term survivors at weeks 5 and 9, respectively (Figs. S1C and D).
We next sought to determine transcriptional changes post therapeutic vaccination with CV9201 in all 22 subjects. Preranked transcript lists were generated based on paired t-test statistics comparing week 5 samples and week 9 samples with their matching week 0 samples. We performed GSEA on these pre-ranked lists utilizing BTMs as gene sets. Among the top 15 most enriched BTMs at week 5, there was an enrichment of six modules representing T cells, including one module consisting of genes specific for Th2 differentiation and another module with cell cycle genes specific to activated CD4 C T cells (Fig. 1B) . We also found four modules reflecting B cells including one module containing genes highly expressed in plasma cells and genes encoding immunoglobulins (Fig. 1B) . The enrichment of B cell modules was partially retained in the week 9 samples (Fig. 1B) .
Notably, week 0 in comparison with week 5 samples exhibited an enrichment of BTMs consistent with myeloid cells, dendritic cells, antigen presentation and inflammation (Fig. 1A) . In contrast, the baseline week 0 to week 9 revealed a relative enrichment of modules associated with cell cycle and transcriptional activation. The data indicate a transient upregulation of transcriptional modules consistent with adaptive immune responses post therapeutic vaccination and a downregulation of myeloid cell-and inflammation-related modules. Furthermore, these data show that the use of BTMs in combination with GSEA represents a sensitive analytical tool to detect post treatment differences in a subgroup of heterogeneous patients.
Distinct patient clustering based on BTM activity changes at week 5
In addition to the supervised approaches, we also applied an unbiased approach to expression data analysis. We first calculated the BTM activity scores for each of the 346 transcriptional modules. These BTM activity scores represent the mean expression values of all genes contained in a single module. We used hierarchical clustering to identify changes in module activity scores between week 0 and 5. Clustering was performed for both subjects and modules. Notably, patients segregated into two distinct groups ( Fig. 2A) . Importantly, the clustering of patients was predominantly driven by two individual sets of modules. One cluster of modules predominantly contained T and NK cell modules, whereas the other cluster contained modules reflecting myeloid cells, antigen presentation and immune activation. We furthermore noticed that patients upregulating T and NK cell modules at week 5 were further divided into two sub-clusters, based on their expression pattern of cell cycle modules ( Fig. 2A) . We investigated whether the patient clustering was associated with distinct histological subtypes of NSCLC (Table S1 ) and were unable to identify such relationships.
We next addressed the question if clustering of patients could be confirmed using principal component analysis (PCA), a widely used method to visualize high-dimension data. Analogously to our unsupervised hierarchical clustering analysis, we used week 5 to week 0 differences of the 346 BTM activity scores as variable values. The first two principal components cumulatively accounted for approximately 51% of variance in our data set. The loading factors of PC1 and PC2 revealed that most of the variance could be attributed to cell cycle modules (Fig. 2D) . Thus, patients in PC1 and PC2 space mostly separated based on their differential expression of genes associated with cell cycle and mitosis processes. In addition to these, we observed modules for T and NK cells contributing to PC1 and PC2 as well as modules associated with myeloid and antigenpresenting cells (Fig. 2D ). Using the same data set, we also clustered the modules and found distinct clustering of the three sets of BTMs responsible for the clustering of patients (Fig. 2C ). In fact, BTMs reflecting monocytes and immune activation on the one hand and BTMs representing T and NK cells on the other hand clustered in opposite corners in the PC1/PC2 projection. We were thus able to confirm the results from the hierarchical clustering using PCA as an independent analysis method.
Non-overlapping transcriptional changes in segregated patients after CV9201 treatment
The results from the unsupervised clustering analyses strongly suggested divergent transcriptional changes in distinct subsets of patients. To gain additional insight into the transcriptional changes after vaccination, we separated the patients into two groups according to their clustering pattern. For each of these two groups, we generated ranked transcript lists based on paired t-test statistics comparing week 5 with their matching week 0 samples. GSEA was performed on these lists using BTMs as gene sets. As expected, at week 5, patients belonging to cluster 1 exhibited a strong upregulation of transcriptional modules associated with monocytes, myeloid cells, antigen presentation and immune activation (Fig. 3A) . To gain further insight into the single genes enriched within these modules, we extracted the leading edge genes of the top 10 most enriched BTMs. Among the transcripts most frequently enriched in the top modules, we identified genes associated with myeloid cells, including genes encoding for toll-like receptors 2 and 5 (TLR2, TLR5), chemokine receptor type 1 (CCR1), formyl peptide receptors 1 and 2 (FPR1, FPR2), colony stimulating factor 3 receptor (CSF3R) and complement component 5a receptor 1 (C5AR1) (Figs. S2A and B) . As expected, all of these genes were upregulated in cluster 1 patients at weeks 5 and 9 compared to baseline (Fig. S2B) .
In contrast, the top 10 most enriched modules in patients belonging to cluster 2 were characterized by upregulation of BTMs associated with T cells, NK cell and B cells. In addition, there was also one cell cycle BTM within the top 15 enriched BTMs at week 5 in patients of cluster 2. In this group of patients, the myeloid-leading edge genes were temporarily downregulated at week 5 compared to baseline except for NFE2 (Fig. S2A) . Based on the patient clustering results ( Fig. 2A) , we further sought to dissect patients within cluster 2 and divided them into subgroups 2a and 2b. Transcriptional upregulation of T and NK cell modules were found in both subclusters (Figs. 3C and D) . However, upregulation of B cell modules was only found in patients belonging to cluster 2a, whereas cell cycle and mitosis modules were only enriched in cluster 2b patients.
The distinct patient clustering driven by myeloid or T and NK cell modules suggested that these transcriptional changes were mutually exclusive. To test this hypothesis, we first calculated the week 5 to 0 differences for each of these two sets of BTMs. We then determined the mean of all BTM week 5 to 0 differences contained in the myeloid cluster and the T and NK cell cluster. Correlation analysis revealed a highly significant, inverse relationship between these two means (Fig. 3E) . These results therefore indicate that in our subjects, the upregulation of BTMs consistent with myeloid cells, or with T and NK cells is mutually exclusive. Thus, segregated patients were characterized by an enrichment of non-overlapping transcriptional modules post vaccination.
Prolonged progression-free and overall survival in patients with NK and T cell BTM enrichment at week 5
Increased expression of genes associated with monocytes and other myeloid cells could indicate rising levels of circulating myeloid-derived suppressor cells (MDSCs). These heterogeneous subsets of immature myeloid cells have been described in NSCLC patients and were linked with unfavorable clinical outcomes. [34] [35] [36] Furthermore, transcriptional profiling studies performed in PBMCs derived from NSCLC patients indicated a positive correlation between survival and the expression of T cell-associated genes. [37] [38] [39] We therefore hypothesized that patients belonging to cluster 2 with a higher activity of T and NK cell modules after vaccination should exhibit a better clinical outcome compared to patients in cluster 1. This was indeed the case as all patients in our cohort with a higher activity of myeloid cells at week 5 compared to week 0 were short-term survivors and died within less than a year (Figs. 4A and B) . We found similar results when we compared the progression-free survival between cluster 1 and cluster 2 patients (Figs. 4C and  D) . In our cohort comprising 22 patients, there were seven patients with a prolonged survival exceeding 30 mo. All of these long-term survivors were part of patient cluster 2. We were thus able to identify a significant difference in overall and progression-free survival between patients belonging to cluster 1 and cluster 2 (Figs. 4B and D) .
Changes in the transcriptional signature correlate with changes in lymphocyte subsets and neutrophil/lymphocyte ratio
The transcriptional changes at week 5 post treatment could either be the result of changes in the cellular composition in peripheral blood or alternatively indicate transcriptional activation of distinct leukocyte subsets or a combination of both. To address this question, we performed correlation analyses between selected BTM activity scores and lymphocyte phenotyping data measured by flow cytometry. Differentiation states of CD4
C and CD8 C T cells were assessed based on their cell surface expression of CCR7 and CD45RA, and we defined effector memory T cells as CCR7 ¡ CD45RA ¡ cells. 40, 41 We further dissected these effector memory cells based on their expression patterns of CD27 and CD28. Intriguingly, changes in T cell module activity scores derived from the top 15 most enriched BTMs in patient cluster 2a (Fig. 3C ) were positively correlated with absolute and relative changes of CD27 C CD28
¡ effector memory CD8 C T cells (Fig. 5A) . Consistent with this finding, a number of genes associated with T effector functions were enriched in cluster 2 patients at week 5 including CCL5, CTSW, the genes encoding for gramzymes A, B, H, M and K (GZMA, GZMB, GZMH, GZMM, GZMK), Perforin (PRF1), KLRF1 and the transcription factors T-bet (TBX21) and LEF1 (Figs. S2C and D) . Similarly, there was a positive correlation between changes in B cell module activity scores and changes in relative and absolute B cell numbers (Fig. 5B) . Although flow cytometric data were not obtained during the course of the clinical trial to allow precise identification of myeloid cells, CD16 C
CD3
¡ CD 56 ¡ lymphocytes to a large degree consist of HLA-DR-expressing myeloid cells as well as some NK cells devoid of CD56 (personal observation). Using these criteria, we were able to identify a positive association between changes in myeloid BTM scores with relative and absolute changes in CD16 C
¡ CD56 ¡ cells (Fig. 5C ). In addition, the cellular composition of peripheral blood, in particular lymphocyte and neutrophil frequencies, was routinely assessed during the clinical trial as safety parameters by differential blood count. We determined the neutrophil-tolymphocyte (N/L) ratio, a previously described marker with prognostic value in various cancer indications, including NSCLC. [42] [43] [44] [45] [46] Module activity changes in cluster 2a were linked to the changes in lymphocyte frequencies and inversely correlated with changes in the N/L ratio (Fig. 5D) . Conversely, transcriptional changes in BTM cluster 1 were negatively associated with changes in lymphocyte percentages but positively correlated with changes in the N/L ratio (Fig. 5E) . In summary, these data suggest that the detected transcriptional changes may be in part the result of changes in the cellular 
Discussion
Active cancer immunotherapy based on CureVac's mRNA technology was previously shown to be safe and well tolerated and potently induced vaccine antigen-specific immune responses. 26 Similar observations were made in the clinical trial of CV9201 in NSCLC described here (manuscript in preparation). In a subset of this NSCLC trial, we sought to identify transcriptional differences post vaccination in 22 stage IV lung cancer patients. The aim of the study was to generate hypotheses regarding underlying biological processes associated with protection detectable in peripheral blood and to identify potential biomarker candidates for mRNA-based immunotherapies in NSCLC.
Whole-genome transcriptional profiling is a widely used approach to identify molecular signatures correlating with vaccine-induced immune protection and to generate hypotheses for biomarkers in clinical cancer trials. 47 Since transcriptome profiling by microarrays was introduced approximately 15 y ago, many different analysis tools have been developed to process the data. 48, 49 Traditional supervised approaches to analyze transcriptional data frequently involve identifying differentially expressed genes followed by pathway and annotation enrichment analyses. 50 Although pathway analyses for gene expression data have been helpful to elucidate the biological context in many experimental settings, we were confronted with a number of limitations when applying this approach to our PBMC transcriptome data. PBMC transcriptomes contain expression signals from a variety of cells, which limits the sensitivity of pathway analyses. Also, due to the heterogeneous nature of NSCLC disease, 1 we expected and indeed encountered a substantial degree of additional heterogeneity in our samples. As pointed out by Li et al., a substantial part of the knowledge contained in pathway databases are of limited value to assess PBMC transcriptomes, due to the sometimes artificial experimental conditions, in which pathways had been identified, e.g., cell lines, knock-out models, etc. Furthermore, not all genes in a given pathway are necessarily regulated at the level of transcription. 32 One of the inherent challenges in transcriptome data analysis is to reduce the dimensionality and the complexity of the data set in a meaningful way without losing critical biological information. Summarizing genes into transcriptional modules has become a powerful tool to assess gene networks. 51 For our analyses, we used the BTMs published by Li et al. 32 These modules were constructed by integrating large amounts of publically available gene expression data generated on peripheral blood cells. Because these modules were generated from PBMC expression data, we found the annotation to be more informative than other available modules and libraries. In addition, these modules offered sufficient plasticity to be applied to a disease setting as heterogeneous as lung cancer, while still enabling us to obtain immunologically relevant information. The use of BTMs, especially in conjunction with GSEA, is a powerful and sensitive approach, which yielded novel biological insights despite our relatively small cohort size.
Using unsupervised clustering based on BTM activity score changes over time, we identified a segregation of vaccinated NSCLC patients into two distinct groups, each with a discrete molecular signature. We demonstrated that these transcriptional changes after vaccination correlated with our flow cytometric phenotyping data as well as the N/L ratio. These findings suggest that the gene expression differences could be a result of changes in the cellular composition of PBMCs although transcriptional activation of leukocyte subsets cannot be ruled out.
The first patient group exhibited an upregulation of myeloid cell-associated and inflammation-related modules, which could indicate an accumulation of monocytes and other myeloid cells (e.g., neutrophils) in the periphery. A possible explanation for this phenomenon could be an enrichment of a heterogeneous set of immuno-suppressive cells known as MDSCs. MDSCs are immature myeloid cells that accumulate due to an abnormal differentiation process in disease settings. 52 Expansion of MDSCs was observed in patients of virtually all cancer types 53 including NSCLC. 34, 54 In general, the frequency of MDSCs in peripheral blood depends on the tumor burden and elevated numbers of these cells correlate with disease progression and overall poor prognosis. 55 In addition, the upregulation of myeloid cells was accompanied by an enrichment of inflammation and immune activation modules (Fig. 3A) . Cancer-related inflammation has long been recognized to be one of the immunological hallmarks of disease and one of the key drivers of tumor promotion. 56, 57 Circulating inflammation markers were described to have prognostic capacity in lung cancer. 58, 59 In accordance with these observations, we found that all patients with a transcriptional enrichment of myeloid and immune activation modules at week 5 died within 1 y. In contrast, patients belonging to cluster 2 exhibited an upregulation of modules containing genes reflecting T, B and NK cell biology. All longterm survivors belonged to patient cluster 2. Increased activity of these modules was associated with a general increase of lymphocyte frequencies in peripheral blood. Notably, enriched T cell modules were associated with a distinct effector memory CD8 C T cell subset with a CD27 C CD28 ¡ phenotype. Effector memory CD8
C T cells are heterogeneous and further subsets can be delineated based on the surface expression of CD27 and CD28. 60, 61 Effector memory CD8 C T cells lacking surface expression of the B7-receptor CD28 are more likely to constitutively produce effector molecules, including granzyme B, perforin and IFNg compared to their CD28 C counterpart. 60 In support of this notion, we observed an upregulation of a number of genes associated with T effector functions in cluster 2 patients at week 5 compared to week 0. These genes included CCL5, CTSW, GZMA, GZMB, GZMH, GZMM, GZMK, PRF1, KLRF1, TBX21 and LEF1. Importantly, CD28, though part of several enriched T cell modules in patient cluster 2, was not among the enriched leading edge genes, which is in accordance with the finding that alterations in the T cell module activity scores correlated with the frequency of CD27 C
CD28
¡ effector memory CD8 C T cells. Although long-term survivors were characterized by increased T cell module activity scores in comparison with short-term survivors, they further exhibited an upregulation of effector cell modules (predominantly T and NK cell modules) after treatment.
Our findings are corroborated by previously published studies reporting transcriptional analyses of peripheral blood samples in NSCLC. 37, 38, 62 These studies indicate that lung cancer induces tumor-specific molecular signatures, which can be detected in the periphery. Analysis of prognostic genes, which are immune cell type-specific revealed a significant association of myeloid cells and T cells with survival. 38, 63 All of the 21 myeloid cell-associated genes with prognostic value were exclusively negatively correlated with survival. Among 23 prognostic T cell genes, eight genes were associated with better survival, including LEF1 and GZMK, which were also enriched in our cluster 2 patient group. 38 In contrast to our longitudinal study, these results were generated in a cross-sectional study. In addition, the study by Kossenkov et al. analyzed NSCLC patients with clinical stages I-IIIA prior to surgical resection, whereas our study only included advanced stage IV patients. In spite of this discrepancy, analogous immune cell-specific gene signatures could be identified indicating similar biological processes in NSCLC patients at various disease stages. These data are in accordance with our finding that long-term survivors compared with short-term survivors displayed elevated of T and NK cell transcriptional module activity at baseline and subsequent time points. We furthermore showed that changes in activity scores of myeloid cell modules and T cell modules correlated with the N/L ratio, a well-established biomarker in various cancer indications. [42] [43] [44] [45] [46] Our data, however, are more informative than the N/L ratio. For example, we show that patients in cluster 2 with increases in T and NK cell module activity scores at week 5 are heterogeneous and can further be dissected based on expression changes of cell cycle and mitosis genes. Further studies are required to confirm whether these signatures can be reproduced in independent study cohorts and whether changes in cell cycle module activities correlate with differential clinical outcomes.
Changes in gene expression at week 5 compared to baseline could reflect effects of RNActive Ò treatment, treatment-independent differential disease progression or other unknown variables. Notably, most direct transcriptional perturbations in peripheral blood induced by vaccinations, such as immunizations against flu antigens, seem to occur rapidly after treatment (e.g., after 24 h) and are very transient in nature. 64, 65 In contrast, our post vaccine blood samples were obtained 2 weeks after the third or fifth vaccination, respectively. The transcriptional changes over time in our study therefore seem to be the result of effects lasting in the range of weeks instead of days. It is tempting to speculate that the increase of T and NK cell modules at week 5 compared to week 0 could be a result of CV9201 immunotherapy and thus represent a candidate biomarker for clinical benefit post treatment. In support of this hypothesis, we found that all long-term survivors were part of patient cluster 2 displaying a further increase of T and NK cell module activity at week 5 compared to baseline. Conversely, the increase of myeloid cell-and inflammation-related genes in some patients could reflect lung cancer disease progression since MDSC expansion correlates with tumor burden.
In the absence of an untreated control cohort, we cannot address the question of whether mRNA-based immunotherapy with CV9201 can increase T cell gene expression and reduce myeloid module activity and whether it induces clinical benefit. In addition, our data set is limited by a relatively small cohort size as well as the absence of an independent testing cohort, thus precluding extensive cross-validation or analysis of the robustness of these molecular signatures. Our findings certainly warrant further investigation in randomized controlled clinical trials. Placebo-controlled clinical trials in NSCLC patients addressing the clinical efficacy of CV9201 treatment in combination with chemo-and radiotherapy are currently in preparation. These studies will allow formal testing of the hypotheses generated with these initial results, with the aim to identify reliable, immunological correlates and biomarkers with predictive value in cancer immunotherapy.
Material and methods
Two-component mRNA cancer immunotherapy CV9201
CureVac AG proprietary technology has generated mRNA molecules with increased stability and translatability (patents EP1392341B1, EP1604688B1). All mRNA vaccines used in the present study were produced in accordance with this technology and Good Manufacturing Practice guidelines (CureVac AG, T€ ubingen, Germany). The RNActive Ò -based vaccine CV9201 consisted of a mixture of 50% free mRNA (component 1) and 50% mRNA complexed with protamine (MEDA Pharma) at a weight ratio of 2:1 (component 2). First, mRNA was complexed by the addition of protamine-Ringer lactate solution and, after stable complexation, free mRNA was added.
19 CV9201 consists of RNActive Ò -based mRNA components encoding the NSCLC-specific antigens NY-ESO1, MAGE-C1, MAGE-C2, Survivin, and 5T4. The five antigens were formulated separately.
Patients and study design
Study participants were at least 18 y of age with advanced, stage IIIB or IV NSCLC (UICC V6.0 criteria) with stable disease or objective response according to Response Evaluation Criteria in Solid Tumors (RECIST), version 1.0, after first-line treatment (chemotherapy, chemo-radiotherapy) for advanced, unresectable or metastatic disease. 66 Patients must have had a Patients were vaccinated at weeks 1, 2, 3, 5 and 7 with 320 mg mRNA of each antigen for a total dose of 1,600 mg mRNA per vaccination. Two intradermal injections of each antigen were applied to two injections sites, one into the thigh and one into the upper arm of the same body half. Injection sites of each antigen were rotated clockwise at different vaccination days. After end or discontinuation of vaccination, further antitumor therapy was at the discretion of the investigator. Peripheral blood sampling was performed at day 0 (baseline), week 5 (2 weeks post third vaccination) and week 9 (2 weeks post 5th vaccination). Transcriptome profiling analysis was restricted to stage IV NSCLC patients treated in the phase IIa part of the study and subjects were chosen based on sample availability. Demographic patient data is provided in Table 1 as  well as Table S1 .
Preparation of peripheral blood mononuclear cells (PBMCs)
To accommodate the challenges underlying a multi-centric clinical trial and to consistently ensure a high quality of cells, PBMC preparation from blood samples was required to be performed within 6 h after venipuncture. A study-specific and standardized PBMC preparation kit (Interlab GmbH, Germany) containing all necessary materials, buffers and media was used and PBMC purification were carried out by trained personnel in validated central laboratories according to standard operating procedures (SOPs). Briefly, blood was transferred from heparin tubes to Leucosep tubes and centrifuged. PBMCs were harvested from the interphase and washed twice. Viability was assessed by Trypan Blue staining, yield and red blood cell contamination was assessed by Tuerk's solution for cell counting. After cell counting, PBMCs were slowly frozen in serum-free Cryo SFM media (Promocell, Heidelberg, Germany) using Mr. Frosty freezing devices (VWR, Darmstadt, Germany) at ¡80 for 24 h before transferring frozen cells to liquid nitrogen. Blood neutrophil and lymphocyte counts were determined from peripheral blood using validated diagnostic assays at a central laboratory provider (InterLab Services worldwide GmbH, Munich, Germany).
Gene expression profiling
RNA was isolated from re-thawed PBMCs frozen in PBS using RNEasy (Qiagen) according to the manufacturer's instructions. To ensure that re-thawing of PBMC samples did not affect any down-stream analyses, RNA quality control was performed on a 2100 Bioanalyzer (Agilent Technologies) and only samples with a RIN value 6.5 were further processed. Cyanine-3-labeling of cRNA and hybridization using the Agilent SurePrint G3 Human Gene Expression 8£60K v2 Microarray platform was performed by IMGM, Munich, Germany according to manufacturer's manuals (Agilent Technologies). Raw data was processed using Feature Extraction 10.7.3.1 and GeneSpring GX 12.6.1. Quantile normalization was performed and log 2 -transformed data was filtered for probes detectable in at least one sample resulting in gene expression data for 48,605 probes.
Calculation of blood transcriptional module (BTM) activity scores and gene set enrichment analysis (GSEA)
To address the expected heterogeneity of the samples derived from individual patients, we sought to apply a modular approach to gene expression analysis developed by Li et al.
32
These 346 BTMs represent sets of genes, which are transcriptionally coordinately expressed. Most of these BTMs reflect sets of genes involved in the regulation of an immunological process, such as signaling pathways or represent sets of genes specifically enriched in immune cells, such as T or B cells. BTM activity scores were determined, which represent the mean expression of all genes contained in a module. Following the example of Li et al. probes with the highest average expression across all samples were chosen for genes targeted by multiple probes. 32 GSEA was performed as described previously. 67 Ranking of gene lists was performed using unpaired Student's t-test for cross-sectional comparisons. For longitudinal contrasts, pre-ranked gene lists were generated based on t scores obtained from paired Student's t-test analyses.
Phenotyping of lymphocyte subsets
After thawing PBMCs in PBS containing the endonuclease benzonase (Novagen/Merck Milipore Schwalbach, Germany), cells were directly stained in PBEA buffer (PBS, 0.5% BSA, 2 mM EDTA and 0.01% NaN 3 ) for 30 min on 4
C. An overview of the B cell-, T cell-and NK cell/regulatory T cell (Treg)-phenotyping panels including fluorochromes is provided in Table S2 . Cells were washed with PBEA buffer and fixed in PBS containing 1% formaldehyde. The following monoclonal antibodies were used after initial testing and titration: anti-CD3 AlexaeFluor 780, anti-CD4 PE-Cy7, anti-CD19 Pe-Cy7, anti-CD27 APC, anti-CD28 FITC, and anti-CCR7 PE (eBioscience, SanDiego, USA), anti-CD4 PerCP-Cy5.5, anti-CD8 C PerCP-Cy5.5, anti-CD16 PerCP-Cy5.5, anti-CD20 FITC, anti-CD25 V450, anti-CD38 PerCP-Cy5.5, anti-CD45RA HV450, anti-CD69 FITC, anti-CD86 V450, anti-IFN-g APC, anti-IgD PE, anti-TNF-a FITC (Becton Dickenson GmbH, Heidelberg, Germany), anti-IL-2 PacificBlue (BioLegend,); anti-CD56 PE (Miltenyi, Bergisch Gladbach, Germany).
Flow cytometry
All flow cytometric measurements were performed on a calibrated FACSCanto II (4-2-2) cytometer (Becton Dickenson, Heidelberg, Germany). Acquisition of data including compensation was performed using BD FACSDiva 6.1 and use of compensation beads. Accumulated data was analyzed using FlowJo versions 7.5.2 and 10.0.7. (Treestar Inc., Oregon, USA). Tethered and non-viable cells were excluded from analysis. Absolute cell counts from lymphocyte subpopulations were determined by normalizing data to lymphocyte counts derived from differential blood tests. All laboratory procedures were performed according to approved SOPs.
Statistical analysis
Differentially expressed genes between groups were determined based on false discovery rate (FDR)-corrected p-values in combination with fold change (FC) thresholds. In detail, p values were generated by the Welch's approximate t-test followed by the Benjamini and Hochberg correction for multiple testing using GeneSpring G x 12.6.1. FC thresholds of ranging from 1.5 to 3 were applied in our analysis. Hierarchical clustering, calculation of t values of paired t-tests and PCA were performed using MeV version 4.9.0. Unsupervised hierarchical clustering of BTM activity scores was performed using Euclidean distance and average linkage clustering. Survival analyses including Log-rank test were performed with GraphPad Prism version 6.0.5. GraphPad Prism was also used to plot all graphs except for heatmaps and to perform Pearson and Spearman's rank correlation analyses.
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